The use of medical imaging has increased in the last years, especially with magnetic resonance imaging (MRI) and computed tomography (CT). Microarray imaging and images that can be extracted from RNA interference (RNAi) experiments also play an important role for large-scale gene sequence and gene expression analysis, allowing the study of gene function, regulation, and interaction across a large number of genes and even across an entire genome. These types of medical image modalities produce huge amounts of data that, for several reasons, need to be stored or transmitted at the highest possible fidelity between various hospitals, medical organizations, or research units.
Introduction
Image compression is a very important research field. It is fundamental in many different areas, such as biomedical imaging, consumer electronics, and Internet, among others. The goal of an image compression method is to represent an arbitrary image using the smallest possible number of bits.
The use of medical imaging has increased in the last years, especially with magnetic resonance imaging (MRI) and computed tomography (CT) [1] . These types of medical image modalities produce huge amounts of data that, for several reasons, need to be stored or transmitted with the highest possible fidelity between various hospitals and medical organizations.
Also related to biomedical imaging, microarray images play an important role for large-scale gene sequence and gene expression analysis, allowing the study of gene function, regulation, and interaction across a large number of genes and even across an entire genome [2, 3] . The output of a microarray experiment is a pair of 16-bits-per-pixel images, usually with a very high resolution, sometimes exceeding 13,000×4,000 pixels. Consequently, over 200 MB can be required to store a single microarray image. Due to the development of these digital imaging technologies, some concerns appeared regarding efficient ways of storing and transmitting the images. In order to overcome these problems, sophisticated compression methods are required.
Another type of images that are addressed in this chapter are those that can be extracted from RNA interference (RNAi) experiments. Those experiments involve marking cells with various fluorescent dyes to capture three components of interest, namely, DNA, actin, and PH3 channels [4] .
Typically, lossless compression algorithms are recommended for dealing with these types of images. In fact, lossless methods are generally required in applications where cost, legal issues, and value play a decisive role, such as in medical imaging or in image archiving [5] . On one hand, the use of lossless algorithms avoids problems of losing diagnostic information vital to identify life-threatening illnesses in the early stages. On the other hand, if a given image is lossless compressed, it is possible to recompress it in the future, using a more efficient algorithm and without losing any information.
(computed radiography, computed tomography, magnetic resonance, and ultrasound), RNAi images, and microarray images. The addressed compression algorithms are based on image decomposition, finite-context models, and arithmetic coding. We can divide these algorithms into two categories. In the first one, the input image is split into several bitplanes and each bitplane is encoded individually. This approach is combined with several preprocessing techniques in order to improve the compression efficiency. In the second approach, the intensity levels of a given image are organized in a binary-tree structure, where each leaf node is associated with an image intensity.
We start by presenting the compression algorithms, namely, bitplane decomposition and binary-tree decomposition. We include a brief explanation about finite-context models and arithmetic coding, the entropy coding block used in both approaches. Then, we present a set of experiments that have been performed using the compression algorithms described in Sect. 4, as well as experimental results using the most important image coding standards (e.g., PNG, JBIG, JPEG-LS, and JPEG2000). At the end, we draw some conclusions.
This chapter intends to be a reference for comparison of new compression algorithms that may be developed in the future, for two main reasons. On one hand, the experimental results presented in Sect. 5.2 are state of the art regarding the compression of some of these types of images. On the other hand, several approaches and preprocessing techniques are presented, giving hints about new developments that can be done.
Compression methods
The compression algorithms that we address here can be classified into two different categories. One based on bitplane decomposition and the other one based on binary-tree decomposition. For the first category, we use a sophisticated bitplane decomposition approach that was successfully developed for the compression of microarray images [6] . Furthermore, we include some preprocessing techniques, such as segmentation and histogram reduction, in order to improve the compression results. An alternative bitplane decomposition approach based on bit modeling by pixel value estimates is also considered.
The other approach, based on binary-tree decomposition, was developed with success for the compression of medical images [7] and microarray images [8] . In this decomposition approach, the intensity levels of a given image are organized in a binary-tree structure, where each leaf node is associated with an image intensity.
In the following subsections, we address these two decomposition approaches and give a brief explanation regarding finite-context models and arithmetic coding. The implementation of the compression algorithms can be found in [9] .
Finite-context models
Markov modeling is widely used in several fields, including image [7, 8, 10, 11, 12] and DNA [13, 14, 15] compression. Finite-context models rely on the Markov property, since an orderk finite-context model gives a probability distribution for the next symbol, in a sequence of symbols from an alphabet A, taking into account a recent past of depth k . Hence, the finitecontext model assigns probability estimates for each symbol, regarding the next outcome, according to a conditioning context, c k ,n , computed over a finite and fixed number k > 0 of past outcomes c k ,n = x n−k +1…n = x n−k +1 … x n (orderk finite-context model [16, 17, 18] with | A | k states).
In the example illustrated in Fig. 1 , where A0,1 and then | A | = 2, an orderk model implies having 2 k conditioning states. In this case, k = 5, so the number of conditioning states is 2 5 = 32. The probability estimates P(x n+1 | x n−k +1…n ) are calculated using symbol counts that are accumulated while processing each pixel of the input image, making them dependent not only on the past k symbols but also on n. The estimator used is
where C(s | x n−k +1…n ) represents the number of times that, in the past, symbol s was found having c k ,n = x n−k +1…n as the conditioning context and where
is the total number of events that has occurred so far in association with context c k ,n . Parameter α allows balancing between the maximum likelihood estimator and a uniform distribution (when the total number of events, n, is large, it behaves as a maximum likelihood estimator). For α = 1, (1) is the well-known Laplace estimator.
Initially, all counters are set to zero, i.e., the symbols are assumed to be equally probable. The counters are updated each time a symbol is encoded. However, it is possible to update the counters according to a specific rule. Since the context templates are causal, the decoder is able to reproduce the same probability estimates without needing additional side information.
Table 1 presents a simple example of how a finite context is typically implemented. In this example, we are dealing with an order-5 finite-context model, which means that the context uses the last five encoded symbols to assign the symbol probabilities. Each row of Table 1 represents a probability model that is used to encode the current symbol, using the last five encoded ones. For example, if the last symbols were "11000," i.e., c 5,n = 11000, then the model sends the following probabilities to the arithmetic encoder (denoted as "Encoder" in Fig. 1 The rows of the table correspond to probability models at a given instant n. In this example, the particular model that is chosen for encoding a symbol depends on the last five encoded symbols (order-5 context)
One important aspect that must be considered is the size of the context. For an orderk model and | A2 (binary alphabet), the table has 2 k entries and, therefore, its size grows exponentially with k. Using a deeper context, we might achieve higher performance, but this requires also more memory.
Mixtures of finite-context models
In order to attain better compression results, the previous approach can be used in a more robust scheme. The goal here is to use a model mixture with more than one finite-context model. In our case, we decided to use only two different models: the one used by [6] and another one based on bit modeling by pixel value estimate. This approach could be extended to use more models, but at a cost of some computation time. In what follows, we will describe how this mixture scheme works.
The per symbol information content average provided by the finite-context model of orderk, after having processed n symbols, is given by 
where w k ,n denotes the weight assigned to model k and , = 1.
In order to compute the probability estimate for a certain symbol, it is necessary to combine the probability estimates given by (1) using (4) . The weight assigned to model k can be computed according to
i.e., by considering the probability that model k generated the sequence until that point. In that case, we would get
where P(x 1…n | k) denotes the likelihood of sequence x 1…n being generated by model k and P(k ) denotes the prior probability of model k. Assuming
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Calculating the logarithm, we get
which is related to the code length that would be required by model k for representing the sequence x 1…n . It is, therefore, the accumulated measure of the performance of model k until instant n. In order to improve the global performance, we decided to use a mechanism that progressively forgets past performances of the models. This mechanism allows each model to progressively forget the past and, consequently, to give more importance to the most recent past. Therefore, we rewrite (11) as ( )
where γ ∈ 0,1 dictates the forgetting factor to be used. Defining
( )
,
and removing the logarithms, we can rewrite () as ( )
and, finally, set the weights to å k n k n k n k p w p
Usually, a compression algorithm can be divided into two parts, modeling and coding. The Markov models are responsible for providing a statistical model as reliable as possible to be used later in the coding stage. The coding stage is where the statistical model is used to compress the data. Arithmetic coding is usually the technique that is used. In the following section, we give a brief explanation on how arithmetic coding works.
Arithmetic coding
Arithmetic coding is a compression technique developed by Rissanen [19] in the late 1970s. This method is a good alternative to Huffman coding [20] , because it usually generates better compression results. In order to obtain better results, an appropriate probability estimator must be used in the arithmetic encoder (e.g., based on finite-context models, as described above).
This method represents a set of symbols using a single number in the interval [0,1). As the number of symbols of the message grows, the initial interval [0,1) will shrink and the number of bits necessary to represent the interval will increase. When we are processing the pixels of an image in a raster scan order, the probabilities of the intensities of the pixels are conditioned by the context determined by a combination of the already encoded neighboring pixels. The encoder and the decoder estimate this context model dynamically adapting it to the input data, during the encoding/decoding process. According to [16, 17, 18] , this arithmetic encoding method generates output bitstreams with average bitrates almost identical to the entropy of the source model.
Bitplane decomposition
The technique to separate an image into different planes (bitplanes), known as bitplane decomposition, plays an important role in image compression. Usually, each pixel of a grayscale image is represented by 8 bits, or 16 bits as the case of some biomedical images used in the experimental results presented in this chapter. Suppose that the image has N × M pixels and each one is composed of eight bitplanes, ranging from bitplane 0 for the least significant bitplane (LSBP) to bitplane 7 for the most significant bitplane (MSBP). In fact, plane 0 contains all the lowest-order bits in the bytes comprising the pixels in the image as well as plane 7 holds the most significant bits [21] . Figure 2 illustrates these ideas and Fig. 3 shows the various bitplanes for the image presented on the left. As we can see, the MSBPs (especially 7-4) contain the majority of the visually significant data. On the other hand, the lower planes (namely, planes 0-3) contribute to more subtle details in the image.
The bitplane decomposition technique is very useful on image compression. On one hand, it allows some bi-level compression methods, such as JBIG, to be applied to typical grayscale images. The compression method is applied to each bitplane after the decomposition. On the other hand, it is possible to create sophisticated models that take advantage of this decomposition. For instance, it is possible to use information of the previous bitplanes (usually the MSBPs) to improve the compression performance of the LSBPs. In [23] , an embedded image-domain adaptive compression (EIDAC) scheme used with success on simple images (with a reduced number of active intensity values) is presented. EIDAC uses a context-adaptive bitplane coder, where each bitplane is encoded using a binary arithmetic coder. Later, in [24] , a compression method inspired from EIDAC for microarrays image is proposed. The same authors improved their method using a more robust 3D context modeling [24] . We used this last approach in our experiments and also other alternative versions using some preprocessing techniques, namely, segmentation and bitplane reduction.
Segmentation
In the literature, we can find several algorithms for image segmentation. In our approach, we decided to use a threshold-based method inspired from the work presented in [25] . The segmentation is attained by means of a dynamic thresholding scheme. By applying a threshold value, the pixels of the image can be split in two sets (background and foreground). For each threshold value, it is possible to obtain the number of pixels and the standard deviation of the intensities of these pixels in each set. The desired threshold is calculated according to (17) .
Using (17), it is always guaranteed that the weighted sum of the standard deviation of both the background and foreground is minimal,
represents the set of pixels in the foreground section, stdev(x) is the standard deviation of x, and size(y) is the number of pixels of set y. Instead of testing all possible threshold values to find the minimum value of f (T ), a recursive search algorithm is used to accelerate the search routine. It is possible to use this recursive search algorithm because f (T ) plunges down at a certain threshold value, which is chosen as the final threshold value. After the threshold search is completed, a binary map is created where the foreground pixels will be set to "1" and the background pixels to "0."
Bitplane reduction
Bitplane reduction is an interesting method that can further improve compression efficiency by eliminating redundancy in the pixel precision for simple images. Simple images are images where the number of different intensities that occur is very small, compared to the total number of possible intensities. For example, if we have only 24 different intensities out of 256 for an 8bit image, we only need 5 bits to represent each pixel intensity. This means that, when we are encoding the image, we only need to encode five bitplanes instead of the original eight bitplanes.
Yoo et al. [26] have shown that it is possible to obtain compression gains using the simplest form of bitplane reduction, known as histogram compaction (HC). Later, [23] presented a more robust bitplane reduction method called scalable bitplane reduction (SBR). This approach finds the reduced bitplane codeword by growing a binary tree. The method splits each node of the binary tree into two nodes using a simple MINMAX metric to measure the distortion.
In order to better understand the SBR algorithm, we present a small example in Fig. 4 . Initially, we associate all the active pixel values to the root node. In this small example, the image only has four active pixel values. Starting in the root node, the algorithm splits all the children subnodes using a MINMAX criterion. The split process in the root node starts by computing the value 32,767 from (0 + 65,535. The computed value is then used to split the node. All the intensities that are lower or equal to 32,767 are inserted in the left sub-node. On the other hand, the remaining intensities (>32,767) are associated with the right sub-node. After splitting the root node, the SBR algorithm adds a zero to the left node codeword and a one to the right node codeword. This splitting process is repeated until all sub-nodes have only one intensity associated with them. In this specific example, "0" is a complete codeword for the original pixel value zero, due to the fact that the first left node or partition does not have more sub-nodes. As a result of the variable-length codewords, the average codeword length can be less than 3 bits. This is useful because during the encoding process, it is possible to skip some bitplanes of the pixel codewords with a lower length. Taking as example the intensities 0,32,760,65,530,65,535 presented in Fig. 4 , we present in Table  2 the codewords for the two histogram reduction methods. As can be seen, the codewords obtained using the HC algorithm are dependent on the number of active intensities. The codeword size can be computed according to
where N denotes the number of active intensities. In the example presented in Fig. 4 , we have four different intensities, so the codeword size is log 2 4 = 2. The codeword size is constant for all intensities for the HC method. On the contrary, the resulting codewords obtained using the SBR algorithm have different sizes (see Table 2 ). 
Intensity

Simple bitplane coding
In [27] , Kikuchi et al. introduced the concept of bit modeling by the pixel value estimates. In their approach, instead of using the true bit values of each bitplane, they used the expectation values of the pixels to build up the contexts. This approach is known as bit modeling by pixel value estimate. They extended their work more recently to be applied to various types of images (color, grayscale, color-quantized, bi-level, and halftone) [28] and for HDR (high-dynamicrange) images [29] .
Let us consider that a given pixel value at location (i, j) in a given image to be encoded is denoted as x(i, j). Its decoded value is denoted by y(i, j). In order to facilitate the explanation, the location indexes (i, j) are omitted from now on. A typical raster scan order is used to process each pixel of a given image. Similar to Kikuchi's method, as the process of the bitplane coding proceeds to lower bitplanes, the decoded value, y, of the target pixel approaches the true pixel value x = (x 16 x 15 … x 1 ) where x n denotes the n th bit of x in the case of a 16-bit grayscale image.
Contrarily to Kikuchi's method, our approach uses only one type of context, denoted as neighborhood context in Kikuchi's work. The contexts are built by the estimates of partially decoded pixels based on the template depicted in Fig. 5 . The pixel location of x is labeled by "X" on the 15-pixel template in Fig. 5, and ( )
where k ∈ { 1,2, … ,15 denotes the spatial location on the template illustrated in Fig. 5 . y(i) and y represent the most recent estimates of the neighboring pixels and the target pixel, respectively.
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In Kikuchi's method, the inter-bit correlation on a bitplane is not used. Instead, for modeling a target bit, the authors used the pixel value estimates of which more significant bits have been already available at the decoder. Their method is referred to as bit modeling by pixel values, where the pixel value estimates are used rather than of the unknown true values at the decoder. Contrarily to Kikuchi's method that uses a nine-pixel template, our approach uses a variablesize 15-pixel template (see Fig. 5 ). In our case, a greedy search routine is performed in each bitplane in order to obtain the context size that attains the best compression performance (lower bits per pixel as possible). According to Kikuchi's method, the decoded pixel values are spatially correlated to each other as significantly high as the true pixel values which will make sense to use a larger template. Furthermore, since the alphabet size is only two, the probability of having context dilution is low. Similar to Kikuchi's method, we are considering some noncausal locations with respect to the scanning order of the pixels (locations y3y4y10 and y11 in Fig. 5 ). The usage of noncausal pixels is only possible because the context bits are defined by using the estimates of pixel values, which are available in the decoder.
Let us consider that we are coding an N -bit depth image, where N ≤ 16. Suppose that the n th bitplane is being encoded at present, where n ∈ { 1 … N } . For every pixel, the higher bits from the (n + 1) th until N th bitplane are known at the decoder. The other lower n bits are unknown.
The value of the unknown part can be distributed over the interval of 0,2 n − 1 . Similar to Kikuchi's method, the values zero and one occur with equal probability in the unknown less significant n bits. Under this assumption, the pixel value estimate of the target pixel is expressed by
at the n th bitplane encoding/decoding, where y is the latest decoded value and . denotes truncation. In Fig. 6 , we illustrate an example of a binary representation of the pixel value estimate in the case n = 8.
Initially, all the pixel estimate values are set to y = 2 N −1 − 1. The encoding procedure starts at the MSBP and stops at the LSBP. Assuming a target pixel x n of bitplane n is the one being encoded, under the context of {c k }, the pixel estimate y of the target pixel is immediately updated by a simple bit operation as 
The pixel value estimate is used in a coming chance of reference and will be the decoded pixel value, when the decoding is stopped (after all the bitplanes are processed). The most recent estimate of a given pixel is always made up of two parts: its significant bits are those already encoded/decoded true bits and the other less significant bits are 0 (zero) followed by a successive 1s (ones). The value of the less significant bits is equal to the expectation value of the unknown lower bits, if binary symbols of zero and one are assumed to occur in those bits with equal probability. 16 x 15 x 14 x 13 x 12 x 11 x 10 x 9 0 1 1 1 1 1 1 1 Figure 6 . Binary representation of a pixel value estimate in the case of n=8
Binary-tree decomposition
Binary trees are also an important data structure that can be used in several algorithms. In the case of image compression, we can associate each leaf node of the binary tree to an image intensity. The binary tree can be viewed as a simple nonlinear generalization of lists; instead of having one way to continue to another element, there are two alternatives that lead to two different elements [30] . Every node (or vertex) in an arbitrary tree has at least two children (see Fig. 7 ). Each child is designated as left child or right child, according to the position in relation to the tree root. Figure 7 . An example of a binary tree with eight intensities or gray levels. Each internal node contains an intensity representative that is computed according to the set of intensities that are associated to the node. The leaf nodes represent the number of different intensities that actually occur; in this case, we have a total of eight intensities
One of the first methods where binary trees were used for image compression was proposed by Chen et al. [31] regarding the compression of color-quantized images. Chen's method uses a binary-tree structure of color indexes instead of a linear list structure. Using this binary-tree structure, Chen's method can progressively recover an image from two colors to all of the colors contained in the original image. Inspired by the work done by [31] , a few years later, the authors of [7, 11, 12] developed a lossy-to-lossless method based on binary-tree decomposition and context-based arithmetic coding. In the last approach, the authors studied the performance of their method in several kinds of grayscale images, including medical images.
As can been seen, this decomposition approach is very versatile because it can be applied in color-quantized images and also in grayscale images.
This binary-tree decomposition approach was intended to be used in images with a small number of intensities, usually with eight or less bits per pixel, due to a tight relation between the processing time and the number of different intensities of the image. In this work, we intend to study the performance of this approach to compress biomedical images, such as microarray images, RNAi, etc. Another interesting feature of this approach is its capability of progressive decoding, which means that the decoding process can be stopped at any moment according to a specific distortion metric, obtaining an image with some loss. Moreover, it is possible to obtain the original image without any loss if the full decoding process is performed. In the next two sections, we describe in more detail the compression algorithm that is based on a binary-tree decomposition and context-based arithmetic coding.
Hierarchical organization of the intensity levels
This method is based on a hierarchical organization of the intensity levels of the image. This organization of the intensity levels is attained by means of a binary tree. Each node of the binary tree, n, represents a certain subset, S 
In order to better understand the construction of the binary tree, we present in Fig. 7 a small example for an image with only five active pixel values 32,50,250,33,768,65,530. The construction of this tree begins with the association to the root node of the set of intensities that occur in the original image. After this association, it is necessary to compute I 1 according to (23) . In the example depicted in Fig. 8 , I 1 = ( 32 + 65,530 ) / 2 = 32,781 and ε ∞ 1 = 65,530 − 32,781, for the root node.
The next step consists of splitting the root node into two sub-nodes and, therefore, splitting S 1 into two subsets. In order to split S 1 , we need only to compare the intensity I ∈ S 1 with I 1 . The intensities lower than I 1 are associated with the left node and the other ones with the right one. This procedure is repeated until all nodes are expanded, i.e., until having a tree with N leaves (N is the number of active intensities presented in the original image). The next node to expand is chosen, taking into consideration the smallest possible L ∞ reconstruction error.
In case of a tie, one is arbitrarily chosen, although it is necessary that the decoder picks the same one. In order for the decoder to be able to build the same tree, it is necessary to send the information of the active pixel values to the decoder using a 65,536-bit indicator. In order to encode this indicator, the encoder uses the following strategy. First, the maximum intensity value I N is sent. After that, a string of I n bits is transmitted, such that if the n th bit of the string is one, it means that the intensity n − 1 is present in the image and zero otherwise. The previous 65,536bit indicator is enough for the decoder to construct exactly the same binary tree.
Encoding pixel locations
After each node is expanded, two new nodes are created, each one with a representative intensity (I l n for the left node and I r n for the right node). This step can be seen as a region of arbitrary shape, containing zeros (relative to the left node) and ones (regarding the right node), that needs to be communicated to the decoder. The position where the pixels in the image are associated with the parent node that was expanded is known by the decoder. However, it is necessary to communicate to the decoder the zeros and ones that correspond to the pixels that after the expand procedure will be associated to the left and right nodes, respectively. Since the decoder has access to the pixels associated to the parent node that was expanded, it is enough to encode a binary mask, where zero indicates that the pixel needs to change its intensity to I l n and one indicates a change to I r n . This binary mask is encoded using arithmetic coding based on variable-size finite-context models [16, 17, 18] .
The performance of the compression method is directly dependent on the encoding of these binary masks. The encoding efficiency of these binary masks can be controlled by a carefully chosen context modeling that will then drive the binary arithmetic encoder. The context is constructed based on the template depicted in Fig. 9 . The number of context pixels can go up to 16 at most, and they are numbered according to their distance to the encoding pixel (represented in gray in Fig. 9 ). A particular context is represented using a sequence of bits, The value k defines the model order used. In this case, the k value varies as the encoding proceeds. This variation is necessary in order to improve the compression performance. Furthermore, it is expected to have larger mask regions initially in the first nodes that are expanded and smaller regions when n ≈ N . This variation is also useful to avoid the problem of context dilution. In this research work, we present two modes of context creation. One is denoted as "greedy" where the context size is first chosen using a k value according to [32] . After that, the method tests incrementally several context sizes bigger and smaller than k and stops when it reaches one context that produces worse results than the previous best. In the end, the algorithm has two context sizes. One attained when applying an increment to k and the other one when applying a decrement to k . The best context size is then chosen to encode the binary mask. The other mode is slower because it tests all possible context sizes. This second mode, denoted as "best," always attains the best context size that minimizes the bitrate. For both cases, the context size needs to be sent to the decoder, for each node that is expanded.
There is also an alternative way to encode the binary mask. If the number of bits required to encode the mask and the context size is bigger than the total number of pixels associated with the node to be expanded, the encoder sent the binary mask as a binary string, without compression. In order for the decoder to differentiate between these two modes, a binary stream is needed to be encoded for each node that is expanded.
Evaluation of the compression methods
In this section, we present compression results obtained by the compression methods presented earlier in Sect. 4. We decided to present only the results of the best version of each method in order to avoid extending this section. We start with the description of the data sets used in this work. Then, we provide the obtained compression results. At the end of this section, we present a study of the rate distortion, comparing the two compression approaches described in Sect. 4 and two image coding standards, JBIG and JPEG2000.
Data sets
To evaluate the compression methods presented in this chapter, we used three types of images: microarray, medical, and RNAi. The output data obtained in a microarray experiment is a pair of 16-bits-per-pixel grayscale images, one from the so-called red channel and the other from the green channel (see Fig. 10 ). We use a total of 298 microarray images of nine different data sets as described in Table 3 . Regarding the medical images, we used images of four modalities: computed radiography (CR), computed tomography (CT), magnetic resonance (MR), and ultrasound (US). In Fig. 11 , we can find five examples of medical images used in this work. The data set used in [33] was also considered as a medical reference data set. All the medical image data sets are depicted in Table 4 , a total of 370 images. Finally, we also used a recent and popular image type that can be extracted from RNA interference (RNAi) experiments. Those experiments involve marking of cells with various fluorescent dyes to capture three components of interest, namely, DNA, actin, and PH3 channels [4] . In Table 5 , we can find the RNAi image data sets used in this work, a total of 34,560 images. The images were retrieved from the RNAi experiments without any kind of transformation (no normalization was applied). For us, it does not make sense to perform a normalization operation in order to reduce the image depth from 10 to 8 bits per pixel. The normalization is a lossy process, and hence, applying a lossless compression method to images that suffered some loss is not appropriate. In Fig. 12 we present some examples of RNAi images. In Tables 3-5 , we can see several important measures: image size, depth, entropy, intensity usage, and a sparsity measure called Gini index or GI [34] . The GI is a normalized measure that assumes values between zero and one. Values close to zero means that image has a lower sparsity histogram. On the other hand, values close to one represent an image that has a very sparse histogram. Table 4 . Medical image data sets used. The computed radiography (CR), computed tomography (CT), magnetic resonance (MR), and ultrasound (US) data sets can be found in [44] . The last data set, mini-MIAS, contains 322 mammography images Taking into consideration Table 3 , we can see that the image sizes of the microarray data sets are very large (ranging from 1,000 × 1,000 to 13,800 × 4,400) and the bit depth is 16 for all the data sets. The average entropy goes from 5.7 bpp to 11 bpp, and the percentage of active intensities varies from 5.4% to 98.1%. The GI measures are all higher than 0.49 for all data sets reaching values close to 0.89 (very sparse) for the Omnibus-HM data set.
Regarding the medical image data sets (see Table 4 ), we can see that the image sizes are lower when compared to the microarray images (except for the mini-MIAS data set). The bit depth varies from 8 to 16 bits and the average entropy from 4.5 bpp to 9.9 bpp. The average intensity usage is very low for these medical images. For the CR data set, only 11.5% of the total available intensities are actually used. For the other data sets, this measure is even lower ( 3 ) . For the GI measure, we can see that the MR, US, and mini-MIAS data sets have a GI higher than 0.6. On the other hand, for the CR and CT data sets, the GI values are lower (0.24 and 0.39, respectively). Finally, we provide 5 RNAi image data sets in Table 5 . We split each data set into three channels (DNA, PH3, and actin). All the images have size 512 × 512 and depth of 12 bits. Globally, the average entropy is about 6.77 bpp and the average intensity usage is around 2.5%. Regarding the GI, the values are very low ( < 0.17 ) , which means that these images are not very sparse.
Microarrays
Experimental results
In this subsection, we present the results obtained using several general purpose compression tools (e.g., gzip, bzip2, PPMd, and LZMA), image coding standards (e.g., PNG, JBIG, JPEG-LS, and JPEG2000), and the methods described in Sect. 4. In Tables 6-8, we can find the compression results for all data set described earlier in Sect. 5.1, using several general compression tools and image coding standards. Default parameters were used in all compression tools. Hence, we did not try to adjust some parameters in order to improve the compression results. Only the lossless mode was imposed.
JBIG results were obtained using version 2.0 of the JBIG-Kit package 1 . The results for the JPEG-LS standard were obtained using version 2.2 of the SPMG JPEG-LS codec 2 . JPEG2000 lossless compression was obtained using version 5.1 of JJ2000 codec with default parameters for lossless compression 3 . For additional reference, we also provided compression results using the gzip, bzip2, ppmd, and lzma general-purpose compression tools. According to the results depicted in Tables 6-8 , it seems that, globally, JPEG-LS is the best image coding standard. Among the general compression methods used, PPMd is the one that attained the best compression results.
Compression methods
Data sets
Tables 9-11 provide lossless compression results using the methods described in Sect. 4. BPD (bitplane decomposition) corresponds to the results using method [6] ; BFS (backgroundforeground separation) corresponds to using the previous approach with segmentation. The columns HC (histogram compaction) and SBR (scalable bitplane reduction) correspond to the approaches that use bitplane reduction in method [6] . The SBC-Mix (simple bitplane codingmixture) corresponds to the approach described in Sect. 4.2.3 using a mixture of finite-context models. The last column, denoted as BTD (binary-tree decomposition), corresponds to the results obtained using the method described in Sect. 4.3.
If we look closely to Table 9 , we can see that the method based on binary-tree decomposition is the one that attained the best compression results among all the others, for the case of microarray images. The best method is about 11% better than JPEG-LS. However, the method SBC-Mix is the best for three data sets: ApoA1, ISREC, and Yulou.
Regarding the experiments performed on medical images and taking into consideration the results presented in Table 10 , we can conclude once again that the method based on binarytree decomposition outperforms all the others and is about 9% better than JPEG-LS. Table 11 , we present the results for the RNAi images, and in this case, method SBC-Mix is the one that attained the best compression results, almost 3% better than JPEG-LS. The difference between the SBC-Mix and BTD is very low (close to 0.01 bpp). In our opinion, it seems that the methods described in Sect. 4 attain better compression results when compared to JPEG-LS for images with higher GI values (sparse images). This is the reason why the binarytree decomposition approach attains between 9% to 11% better results than JPEG-LS for the microarray and medical images. On the other hand, the RNAi images have a lower GI (around 0.17), therefore the lower performance of our methods when compared to JPEG-LS.
In Figs. 15 and 16 , we can see the encoding and decoding speed in kilobytes per second for the compression methods described in Sect. 4. In the encoding phase, it seems that the method based on binary-tree decomposition is the fastest one among all the others for all data sets. In the decoding phase, the fastest method is different from data set to data set. For the microarray and medical image data sets, the methods based on bitplane decomposition are faster than the method based on binary-tree decomposition. On the other hand, for the RNAi images, the method based on binary-tree decomposition is faster than all the others. The SBC-Mix method is the slowest one in all data sets. The lower decoding speed for the SBC-Mix is due to the mixture procedure. For each symbol that is processed, the model weights need to be updated, which is a very time-consuming task.
Rate distortion study
The two decomposition approaches described in Sect. 4 have progressive decoding capabilities (also known as lossy to lossless). Due to that, it is important to understand what is the error induced in the image during the decoding phase when only part of the data is decoded. This characteristic allows also to obtain the original image without any loss.
In Figs. 15 and 16 , we present the rate distortion curves of two images, "array1" from the YouLou data set and "cr_17218" from the medical CR data set, according to two metrics: L 2 -norm (rootmean-square error or RMSE) and L ∞ -norm (maximum absolute error or MAE). We used JBIG, JPEG2000, the approach based on bitplane decomposition [6] , and the other based on binarytree decomposition [8] .
Regarding Fig. 15 , we can notice that the method based on binary-tree decomposition outperforms all the other methods in terms of L 2 -norm and L ∞ -norm. JBIG and method [6] have a similar performance in terms of rate distortion. The JPEG2000 standard attains globally worse results in terms of L 2 . Furthermore, we can notice a sudden degradation of the rate distortion, for higher bitrates L ∞ . We believe that this phenomenon is probably related to the default parameters used by the encoder, which might not be well suited for microarray images.
In Fig. 16 , we can see in the first plot, related to the L 2 -norm, that method [6] attains the worse distortion results. JBIG is slightly better but worse than JPEG2000 and the method [8] . We can also see that JPEG2000 outperforms all the other methods in terms of L 2 -norm for lower bitrates. For bitrates higher than 2 bpp, the best method is the one based on binary-tree decomposition. For the L ∞ -norm, JPEG2000 and method [6] are the ones that attained the worse results. On the other hand, method [8] outperforms all the others, regardless of the bitrate. We did not include results for other images to avoid extending this chapter, but the results obtained with the medical images are very similar with the results obtained using RNAi images. On the other hand, we can conclude that the rate distortion results for the microarray images are not similar to the other data set types (medical and RNAi).
Conclusions
The use of biomedical imaging has increased in the last years. These biomedical images include microarray, medical, and RNAi images. In this chapter, we have studied two image decomposition approaches to be applied to this type of images in order to compress them efficiently.
We presented a set of comprehensive results regarding the lossless compression of biomedical images using general coding methods (e.g., gzip), image coding standards (e.g., JPEG2000), and the two image decomposition approaches that rely on finite-context models and arithmetic coding.
From the obtained experimental results, we conclude that JPEG-LS gives the best compression results, among the image coding standards, but lacks lossy-to-lossless capability, which may be a decisive functionality if remote transmission over possibly slow links is a requirement.
We developed compression algorithms based on two decomposition approaches: bitplane decomposition and binary-tree decomposition. In the bitplane decomposition, we also used segmentation, bitplane Reduction, and an approach based on bit modeling by the pixel value estimates. All the developed methods allow lossy-to-lossless compression and are based on finite-context models and arithmetic coding. According to the obtained results, the approach based on binary-tree decomposition seems to be the one that attains the best compression results. The only exceptions are the RNAi images, for which the best method is the one based on a mixture of finite-context models.
In terms of coding speed, the compression algorithm based on a binary-tree decomposition seems to be the fastest one among all the others in the encoding phase. In the decoding stage, the approaches based on bitplane decomposition seem to be faster for the microarray and medical image data sets. For the RNAi images, the method based on binary-tree decomposition seems to be the fastest one.
A rate distortion study was also performed and, according to the obtained results, it seems that the method based on binary-tree decomposition attains the best results for the majority of the cases. The results obtained by the developed compression algorithms have been compared with general-purpose compression methods and also with image coding standards. According to the results, we can conclude that these compression methods have better compression performance in all the image test sets used.
